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Abstract
One of the main reasons for increasing carbon emissions by the transportation sector is the frequent
congestion caused in a traffic network. Congestion in transportation occurs when demand for commuting
resources exceeds their capacity and with the increasing use of road vehicles, congestion and thereby
emissions will continue to rise if proper actions are not taken. Adoption of intelligent transportation systems
like autonomous vehicle technology can help in increasing the efficiency of transportation in terms of time,
fuel and carbon footprint. This research proposes a System Level Eco-Driving (SLED) algorithm and
compares the results, produced by performing microscopic simulations, with conventional driving and the
coordination heuristic (COORD) algorithm. The SLED algorithm is designed based on shortcomings and
observations of the COORD algorithm to improve the traffic network efficiency. In the SLED strategy, a
trailing autonomous vehicle would only request coordination if it is within a set distance from the preceding
autonomous vehicle and coordination requests will be evaluated based on their estimated system level
emissions impact. Additionally, the human-driven vehicles will not be allowed to change lanes. Average
CO2 emissions per vehicle for SLED showed improvements ranging from 0% to 5% compared to COORD.
Additionally, the threshold limit to surpass the conventional driving behavior CO2 emissions at 900 vehicles
per hour density reduced to 30% using SLED as compared to 40% using the COORD algorithm. Average
wait time per vehicle for the SLED algorithm at 1200 vehicles per hour density increased by one to six
seconds as compared to the COORD strategy although reduced up to thirty seconds of wait time compared
to the conventional driving behavior. This finding can be helpful for policy makers to switch the algorithms
based on the requirement i.e. opt for the SLED algorithm if reducing emissions has a higher priority
compared to wait and travel time while opt for the COORD algorithm if reducing wait and travel time has
a higher priority compared to emissions.
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1. Introduction
Rapid growth of the transportation sector has led to increasing fuel consumption and CO2 emissions (US
EPA, 2015). The transportation sector is one of the top energy-draining sectors in the world right now and
the United States is the highest petroleum consumer, consuming 22% of the petroleum globally (Inventory
of U.S. Greenhouse Gas Emissions and Sinks, 2018). Most of the vehicles until the 21st century have been
gasoline-based which is obtained by refining fossil fuels. The Inventory of U.S. Greenhouse Gas Emissions
and Sinks shows that the biggest sources for fuel usage and CO2 emissions in the United States’
transportation sector in 2016 were passenger cars (42.2%), medium and heavy-duty trucks (23.3%) and
light-duty trucks (17%) (Inventory of U.S. Greenhouse Gas Emissions and Sinks, 2018). The transportation
sector has accounted for the largest portion (28.5 %) of total U.S. greenhouse gas emissions in 2016 (U.S.
Environmental Protection Agency, 2018). The CO2 emissions by the transportation sector have increased
by 22.16% from 1990 to 2016 as shown in Figure 1 (Inventory of U.S. Greenhouse Gas Emissions and
Sinks, 2018).

Figure 1: CO2 emissions (Inventory of U.S. greenhouse gas emissions and sinks, 2018)

One of the main reasons for excess carbon emissions is the frequent congestion caused in a traffic network.
Traffic congestion in 2017 increased the travel for urban American commuters by 8.8 billion hours which
is equivalent to purchasing an extra 3.1 billion gallons of fuel, amounting to a congestion cost of $166
7

billion per year (Schrank et al., 2019). Congestion in transportation occurs when demand for commuting
resources exceeds their capacity. According to Falcocchio and Levinson (2015), the problem of congestion
can be solved by either of the two approaches:
●

Maximizing throughput by optimal use of available resources i.e. adopting intelligent
transportation systems (ITS), autonomous technologies, etc.

●

Increasing the magnitude of transportation assets i.e. broadening the roadways, increasing the
number of lanes of freeways, etc.

This paper is more in conjunction with the former strategy i.e. to develop an algorithm which can be
deployed as a part of ITS and reduce the system level CO2 emissions.
Congestion can be controlled by implementation of traffic control systems. Traffic lights are used for
regulating transportation with the purpose of improving safety and efficiency of pedestrians as well as
vehicles (Huang and Su, 2009). However, traffic lights have also proved to be inefficient with cars being
forced to wait at the intersection even when there is no other vehicle present at intersection road (Dresner
and Stone, 2004). Such delays and non-value-added idling at the intersections cause even more wastage of
fuel. Increasing population and transportation needs have led to an urban sprawl which also increased the
number of car trips in the city. The increased car trips have increased the traffic loads to such a point that
traffic lights, contrary to their purpose, reduce the travel efficiency and also increase the overall fuel
consumption (Ericsson, 2001). Increasing the number of signals in urban areas is not an optimal solution to
stop congestion as it can lead to increased travel time.
The Intelligent Transportation Systems (ITS) introduce the advances in communication technology to the
sphere of transportation management. ITS is a network infrastructure that can facilitate traffic control
strategies aimed at metering traffic, metering free-flow of vehicles, tracking traffic incidents, predicting
traffic delay, anticipating travel times using technologies like centralized traffic controller, dynamic traffic
signals and connected and autonomous vehicles (Falcocchio and Levinson, 2015). The Phase-I of fuel
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consumption program conducted by National Highway Traffic Safety Administration (NHTSA)
encouraged the use of alternative technologies for lowering fuel consumption to reduce greenhouse gas
emissions. Such moderation can be achieved by either enhancing the vehicle dynamics or by adopting ITS
(Board on Energy and Environmental Systems, 2014).
Vehicle-to-anything (V2X) communication technology refers to the information exchange between a
vehicle and various elements of the ITS. The various elements include other vehicles, pedestrians, internet
gateways, and traffic lights (Abboud et al., 2016). V2X technology is mostly being adopted for connected
and autonomous (CAV) vehicles which not only provides real-time traffic information, but also assists
traffic controllers in making optimal decisions (Talebpour and Mahmassani, 2016).
McConky and Rungta (2019) proposed a coordination heuristic (COORD) algorithm for V2X vehicles for
reducing CO2 emissions of the traffic network and was meant to improve upon single vehicle optimization
strategy proposed by Rakha and Kamalanathsharma (2011), which allowed V2X vehicles to communicate
with others nearby to help them cross intersections without slowing down. The COORD strategy uses a
combination of speed advisory and variable speed limit techniques to generate speed profiles which can be
communicated with V2X vehicles by the traffic controller. The results from simulations of the COORD
algorithm indicated that average CO2 emissions per vehicle begin to reduce compared to baseline behavior
(system consisting of only human-driven vehicles) only when the market penetration rate of V2X vehicles
reaches a certain percentage. At 600 vehicle per hour traffic density, the coordination heuristic generates
lower emissions than the emissions generated by baseline behavior at 70% V2X vehicles market penetration
rate while at 1200, COORD generates lower emissions than the emissions generated by baseline behavior
at 30% V2X vehicles penetration rate. This research aims at providing an algorithm called System Level
Eco-Driving (SLED) for V2X vehicles to decrease the average CO2 emissions at a system level by
improving on the shortcomings and observations from McConky and Rungta (2019). The results will be
evaluated by comparing the responses of SLED with COORD and baseline behavior. In the current
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research, the SLED algorithm is implemented in a microscopic traffic simulation software called SUMO
(Behrisch, Bieker, Erdmann, and Krajzewicz, 2011).
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2. Problem Statement
A driver usually accelerates the vehicle at an average rate of 2.6 m/s2 until the traffic intersection arrives
and either stops or continues driving as per the traffic signal light. A vehicle requires more fuel to come in
motion from a stationary position and hence causes more emissions compared to a scenario where the
vehicle did not have to stop (Behrisch et al., 2011). The sudden stop at the red light, idling till the green
light reappears and re-acceleration causes burning a lot of fuel without adding value to the commuter’s real
purpose of reaching the destination. This problem can be solved if the driver has pre-information whether
he can cross the next intersection in time or not. Vehicle-to-infrastructure (V2I) or Infrastructure-to-vehicle
(I2V) communication is a system which allows a vehicle to communicate with the elements of the road in
the surrounding environment like sensors and traffic controllers (Parrado and Donoso, 2015).
Unfortunately, V2I can only help in optimizing the trip for a single vehicle and in order to get system level
benefits, connected vehicle technology needs to be implemented. V2V communication is a system which
allows two or more vehicles to interact directly with each other without any involvement of external
network technologies like GSM, LTE, etc. V2V communications were introduced as traffic control systems
to coordinate vehicles and promote efficient transportation (Li et al., 2014). V2X is a combination of V2V
and V2I technologies.
This research intends at using the concept of V2X vehicle technology at intersections equipped with traffic
lights for reducing the overall emissions generated. With the emerging demand for vehicle autonomy, the
research on autonomous driving is also trending so we can expect V2X vehicles to be on the roads in the
near future (Ye and Yamamoto, 2018).
Traffic congestion adversely affects people traveling in the peak period. In 2017, congestion at intersections
caused on average 21 gallons of wasted fuel, versus only 5 gallons of wasted fuel in 1982; which is a 420%
increase (Schrank et al., 2019). Also, limitations in smooth vehicle maneuver due to frequent stoppages at
lights can cause the drivers to get frustrated and agitated which can lead to accidents (Knoop et al., 2009).
Thus, one solution to the fuel wastage and carbon emissions problem and to improve safety is to develop
11

and implement a smooth velocity profile for V2X vehicles considering the presence of non-equipped or
human-driven vehicles in the network such that drivability and travel time of the commuters are not
sacrificed. A proper implementation of V2X vehicle technology at intersections can help in reducing gaps
between vehicles thereby increasing the utilization of available road resources.
While the COORD algorithm showed improvements over single vehicle optimization, there are still many
avenues for improvements. The outcome from implementation of the COORD algorithm in a simulation
setup by McConky and Rungta (2019) showed that the CO emissions increased compared to the baseline
2

behavior until market penetration rate reached a threshold percentage of 40% at 900 vehicle per hour
density. During COORD execution, a V2X vehicle requests coordination from all preceding V2X vehicles
with the assumption that the honored coordination requests will reduce system level emissions. An
important observation from the analysis of COORD outputs showed that on several occasions, over 30
vehicles responded to a trailing vehicle’s request for coordination. The implementation of COORD did not
consider if 30 vehicles increasing speed produced less emissions than one vehicle stopping at a stoplight
and reaccelerating afterwards. Additionally, the COORD algorithm requested all vehicles preceding a
trailing vehicle to respond, when many in fact may not actually be in the way of the trailing vehicle
(McConky and Rungta, 2019). Additionally, according to McConky and Rungta (2019), the cause for
increase in CO2 emissions at lower market penetration rates was hypothesized as the abrupt lane switching
by non-V2X or human-driven vehicles as they approached V2X vehicles that were travelling at lower
(optimal) speeds. One of the ways to also reduce CO emissions in COORD is to compare the total emissions
2

of each coordination request with a scenario where no coordination is involved and use that information to
determine the best system level strategy for the trailing V2X vehicle.
The research contributions of this paper are as follows:
●

Develop a system-level eco-driving (SLED) algorithm to decrease the average CO2 emissions by
addressing the deficiencies discussed in McConky and Rungta (2019) for a mix of V2X vehicles
and human-driven vehicles.
12

●

Simulate the SLED algorithm for multiple market penetration rates (MPR) of V2X vehicle
technology.

●

Compare the performance of the SLED strategy with the COORD strategy by McConky and
Rungta (2019) and a baseline behavior which is a system consisting of just human-driven vehicles.
The following measures of effectiveness (MOE) are used for comparison:
o

Average CO2 emissions per vehicle (in grams per second)

o

Average travel time (in seconds)

o

Average waiting time (in seconds)

o

Number of coordination requests executed

o

Average number of vehicles involved in each coordination request

The purpose of this research is not to provide single vehicle optimization or platoon-level benefits with
reference to eco-driving but to analyze a system-level framework for multiple performance metrics. If the
proposed algorithm in this paper shows significant improvements for a simplified traffic light intersection,
SLED could be further tested for a complex network consisting of multiple intersections.
The next section gives an overview of projects related to ITS and V2X vehicle technology that have been
studied in the past.
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3. Literature Review
Khan et al. (2012) have mentioned three stages of development of autonomous technologies:
●

Level I Pre-2010: Level I is a passive system intended at providing information to drivers like
potentially dangerous conditions, navigation, correct lane positioning, automated parking etc.

●

Level II 2010-2025: Level II system aims at obtaining the perfect combination of technology and
human interaction for providing a non-destructive interface for safety, efficiency as well as
environmental sustainability in driving. This system will also include functions like the ability to
send, gather and process data, ability to cooperate, ability to consider driver aggressiveness, etc.

●

Level III 2025+: Level III system will have advanced capabilities for devising fail-safe strategies
and safety tactics in case of system failure and potential misuse. If the autonomous driving
technology is unable to function properly in a complex situation, some human interaction would be
required. These hand-over scenarios between the vehicle and human intervention will be researched
in Level III systems.

This research can be considered as a Level II system although it provides a base to transition to Level III
systems.
Various connected transportation technologies have been implemented in various parts of the world for
better efficiency. The Vehicle-Infrastructure-Integration (VII) Program was started by the U.S. Department
of Transportation with the vision to utilize wireless strategies between vehicles for obtaining safety and
mobility improvements (U.S. Department of Transportation, 2010). The U.S. Department of Transportation
funded a connected vehicle pilot deployment concept for a busy signalized intersection in Downtown
Sunnyside, CA which was aimed at improving safety and mobility by 50% while reducing emissions and
vehicle delay by 20% using connected vehicle technologies like Mobile Accessible Pedestrian Signal
System (PED-SIG), Intersection Movement Assist (IMA) and Eco-Approach and Departure at Signalized
Intersections (USDOT 2017). The U.S. Department of Transportation (USDOT) Joint Program Office for
14

Intelligent Transportation Systems (ITS JPO) as a project under Connected Vehicle Pilot (CV) program,
conducted a test experiment of a roadside unit by collaborating with Tampa Hillsborough Expressway
Authority (THEA). In this highway experiment, the Onboard Units (OBUs) received Signal Phase and
Timing (SPaT) and intersection geometry (MAP) messages from a roadside unit (RSU) using Dedicated
Short-Range Communications (DSRC) and WiFi. This data was shared with the Advanced Transportation
Controller (ATC) which processed the input and controlled the traffic signal for better network efficiency.
An Open Source Application Development Portal (OSADP) was also published under the Federal Highway
Administration (FHWA) Contract in 2011 specifically aimed at sharing research and technologies that can
revolutionize the connected and autonomous vehicle network (U.S. Department of Transportation, 2010).
The New York City Connected Vehicle (CV) pilot program sponsored by the US Department of
Transportation (USDOT) was aimed at developing hardware and software to implement V2I and V2V
technologies in the densely populated areas of Manhattan and Brooklyn. This program was primarily aimed
at processing data to improve traffic efficiency in real-time and assessing system performance for future
network design (U.S. Department of Transportation (USDOT) Intelligent Transportation Systems Joint
Program Office, 2016). European roads are well-known for implementation of different speed limits and
various efforts have been made to increase the efficiency of traffic using different speed management
strategies (Drascoczy and Mocsari, 1998). Application of Variable speed limits (VSLs) by displaying on
roadside variable message signs (VMSs) was implemented to improve the traffic flow behavior on a
European motorway (Papageorgiou et al., 2008).

There are various methods for reducing vehicle emissions as discussed below:
●

Idling reduction technologies: Idling causes a lot of fuel consumption and emissions if the car is
kept on at the red light of a traffic signal. Hence, Shancita et al., (2014) conducted a research to
compare and evaluate different idling reduction technologies in vehicles and concluded that
auxiliary power units exhibit better reduction in fuel consumption and exhaust emissions compared
15

to other idling reduction technologies like engine idle management systems, direct-fired heaters,
etc.
●

Platooning: The aerodynamic drag on the vehicle can be reduced by operating groups of vehicles
called platoons, at small inter-vehicular distances and thereby reducing the overall fuel
consumption and consequently emissions (Turri et al., 2017).

●

Traffic light control methods: In order to reduce the stop-and-go movements of the vehicles at the
traffic lights which increase overall emissions, dynamic traffic control methods can be used for
smoothing vehicle travel (C. Li & Shimamoto, 2012).

●

Electric vehicle fleets: The overall greenhouse gas emissions can be reduced by using plug-in
electric vehicle fleets (Sioshansi & Denholm, 2009).

●

Speed-advisory systems: Fuel efficient speed profiles can be generated for the vehicles by
exchanging dynamic real-time information between all the entities in the road network including
vehicles, traffic controllers and traffic lights.

The remaining part of this section examines some research efforts in developing speed advisory models for
vehicles associated with the smooth-driving concept to reduce travel times, fuel consumption and emissions
for individual vehicles as well as for a vehicular network.
A variable speed limit system is a speed-advisory system which helps in improving the discharge rate at
traffic intersections (Chen and Ahn, 2015). Wang et al. (2016) presented a variable speed limit system
called SPECIALIST – Speed Controlling Algorithm using Shock-wave theory which was proposed by
Hegyi and Hoogendoorn (2010), to demonstrate the significance of V2I communication with regard to
average travel time. The aforesaid paper did not, however, consider inter-vehicle communications. Grumert
and Tapani (2012) developed and compared the cooperative variable speed limit system (C-VSLS) with
variable speed limit system (VSLS) and concluded that C-VSLS has better results in terms of flow
harmonization and is eco-friendlier than VSLS. A shortcoming of their research was an assumption made
that all the drivers obey the changes in speed shown on roadside units (RSUs) which might not necessarily
16

be realistic, and frequent updates regarding vehicle speed might distract the drivers. A comparison between
the Variable Speed Limit System (VSLS) and Cooperative Variable Speed Limit System (C-VSLS) was
studied by Grumert et al. (2015) using microscopic traffic simulation on a three-lane motorway. The CVSLS approach showed increasing benefits from 30% to 100% market penetration rates although they did
not consider a mix of different vehicles which could impact the results.
In order to avoid extra fuel consumption from abrupt car stoppages at intersections, Widodo et al.
(2000) explored a system in which the driver would know about the upcoming red signal 200 m ahead so
that he could decelerate the car velocity to 30km/h. Additionally, the same research proposed an intervehicle communication approach which could be applied in a real-world scenario using on-board units
which can send speed and location information through a cellular data connection.
Alsabaan et al., (2013) created an optimization model to reduce fuel consumption and emissions
considering technologies like traffic-light-signal-to-vehicle (TLS2V) and vehicle-to-vehicle (V2V). Since
there was no vehicle-to-infrastructure (V2I) consideration, the traffic controller would not be able to receive
the vehicle's current speed and provide an optimal speed accordingly. Additionally, Alsabaan et al., (2013)
considered only single vehicle optimization and no system level benefits. Xia et al. (2011) developed a
dynamic eco-driving approach to measure network wide fuel consumption levels at lower market
penetration rates. Furthermore, their research simulated the experiments in such a way that human-driven
vehicles were forced to follow the trajectories of the autonomous vehicles in front of them without any
provision of lane changing or overtaking. Sanchez et al. (2006) developed a platoon model and compared
the fuel consumption results with the Intelligent Driver Model (IDM) (Treiber et al., 2000). The proposed
model in Sanchez et al., (2006) showed benefits as compared to the IDM although it did not consider
different market penetration rates. Rakha and Kamalanathsharma (2011) designed an eco-driver model for
optimizing fuel consumption at signalized intersections. The results for the previous research showed
reduced fuel consumption and emissions generation for upstream profiles although their research only
considered single vehicle optimization.
17

A system level V2X-enabled vehicle control strategy called Coordination Heuristic (COORD) was
simulated by McConky and Rungta (2019) which showed overall improvement for CO emissions only
2

after 40% market penetration rate (MPR) of V2X vehicles at 900 vehicle per hour density, until which the
emissions were actually higher than the conventional driving strategy. As opposed to single vehicle
optimization strategies, the COORD algorithm took advantage of V2V communication to allow vehicles to
assist one another in making it through intersections without stopping. The general observation from
McConky and Rungta's (2019) analysis was that the COORD strategy is beneficial in terms of average
emissions and wait time at higher market penetration rates and vehicle densities. This paper is aimed at
proposing an algorithm which will show system level benefits at comparatively lower market penetration
rates and vehicular densities.
A-star algorithms are used for finding effective and accurate paths between multiple points and have been
used in traffic control systems (Hart et al., 1972). A modified A-star algorithm was employed as a part of
Eco-Cooperative Adaptive Cruise Control (Eco-CACC) research which used dynamic programming
principles to compute optimal fuel-saving speed profile for connected vehicles in the vicinity of signalized
intersections (Kamalanathsharma and Rakha, 2016). Nevertheless, the aforementioned research explored
only individual vehicle benefits in terms of fuel consumption emissions. Almutairi et al. (2017) conducted
a simulation sensitivity analysis for the Eco-CACC algorithm considering a network with multiple
intersections. The analysis showed fuel savings of 13% but only at 100% market penetration rate which
might take at least two decades from now to achieve. Almannaa (2016) concluded based on simulated
experiments that the automated Eco-CACC model shows better fuel savings as compared to manual EcoCACC model.
Ilgin et al. (2014) used microscopic simulations on a one-way street to analyze the benefits of connected
vehicle technology with reference to reducing system-level delay times at intersections. The research
concluded that the developed algorithm observed better performance at lower demand i.e. lower vehicles
per hour, as compared to higher demand. Li et al. (2015) came up with an updated pulse-and-guide strategy
18

for mixed traffic flow although the oscillating behavior of their strategy led to increased acceleration noise
which resulted in better performance only at medium speeds. In an attempt to improve the traffic flow at
intersections, a reservation-based system was developed where the vehicles, controlled by agents,
communicate information like time to intersection (TTI), velocity, acceleration and vehicle dynamics to
reserve their slot at the upcoming intersection (Dresner and Stone, 2004). Usually, an optimal environmentfriendly speed profile to reduce stop-and-go waves at intersections would not be feasible or comfortable for
a commuter since it might involve frequent low-speed maneuvers. To overcome this limitation, Wan (2016)
developed a sub-optimal Speed Advisory System (SAS) so that drivability of a human-controlled vehicle
is not sacrificed. A branch-and-bound-based real-time traffic light control algorithm was designed by Li
and Shimamoto (2012) to reduce the stop and go movements of the vehicles at the traffic intersection to
reduce the CO2 emissions and stopping time although the paper did not consider different market
penetration rates of autonomous vehicles.
A vehicle speed control method called Intelligent Speed Adaptation (ISA) was developed under the
External Vehicle Control project by the Department of Environment, Transport and the Regions (DETR),
University of Leeds and the Motor Industry Research Association (MIRA) which constituted three types of
implementation plans for controlling vehicle speeds:
1. Fixed: The maximum and minimum allowed speed limits on the segment are pre-defined.
2. Variable: The speed limits are defined for specific regions within the segment, for example slower speeds
near the intersection.
3. Dynamic: The traffic controller decides the speed for the vehicle based on the current traffic conditions
and location of the vehicle. Such a dynamic system could be implemented using V2X vehicle technologies
using algorithms as those developed by Kamalanathsharma (2014) and McConky and Rungta (2019).
This paper can be considered under the bracket of dynamic systems. Maximizing the time for which the car
accelerates and decelerates decreases the stop-and-go movements at intersections, leading to reduced
19

carbon emissions. The goal of this paper is to obtain an efficient system level strategy for both the trailing
and the preceding (all subsequent) vehicles.

20

4. System Definition
This section provides an overview of V2X technology and discusses the components of V2X technology
which include inter-vehicular communication and communication between the traffic controller, vehicles
and traffic lights.

Figure 2: Overview of working of V2X vehicle technology

DSRC (Dedicated Short-Range Communication) is one of the vehicular communication technologies that
can be used for implementation of V2X technology, which is used for sharing signals between various ITS
agents like vehicles, traffic controllers, traffic signals, etc. Such communication is accomplished by
instruments like onboard units (OBUs) installed in vehicles, cell phones of drivers and pedestrians, and
roadside units (RSUs) installed on various parts of the road (Abboud et al., 2016). Figure 2 shows an
overview of V2X vehicle technology which could facilitate implementation of the COORD and SLED
strategies. The information from vehicles to the traffic controller includes the following parameters: current
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vehicle speed, vehicle type, current vehicle position and coordination requests. The output from the traffic
controller to the vehicle includes the calculated vehicle control strategy (speed profile). The traffic
controller also receives information regarding the signal phasing and timing of traffic lights. In the current
research, the Traffic Control Interface (TRACI) (Wegener et al., 2008) acts as the central traffic controller
and is used for controlling and communicating with the vehicles and traffic lights during the simulation.
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5. Algorithms – Baseline, COORD and SLED
This section provides descriptions of the algorithms that will be used for comparing results amongst each
other. The three algorithms to be discussed are as follows:

5.1 Baseline
Baseline behavior is when all the vehicles in the system are not equipped with any V2X communication
i.e. conventional human-driven vehicles. In terms of V2X% penetration level, this can be considered as 0%
V2X level. The driving strategy of human-driven vehicles can be considered such that once they reach near
the intersection to realize that the traffic signal is red, they will come to a sudden stop (Mandava et al.,
2009). The car undergoes idling until the green light appears after which the car is accelerated back to the
posted limit. These sudden stoppage, sudden acceleration and idling actions result in higher fuel
consumption and emissions. For this scenario, all vehicles may change lanes freely.

5.2 Coordination Heuristic (COORD) strategy
The coordination heuristic by McConky and Rungta (2019) is aimed at producing system level benefits
with respect to emissions using V2X communication. The Green Phase COORD Algorithm flowchart
provided in Figure 3 is a representation of the eco-drive model proposed by McConky and Rungta (2019).
The COORD strategy (McConky and Rungta, 2019) that calculates speed profile during the green signal of
traffic light is discussed below:
1. A traffic controller will check if there is a possibility for the trailing V2X vehicle to cross the traffic
light at its current speed. If the trailing vehicle can cross the traffic light at the trailing vehicle's
current speed, then the trailing vehicle will accelerate to the allowed speed limit and cross the traffic
light.
2. If the trailing vehicle cannot cross the traffic light at the trailing vehicle's current speed, then the
traffic controller will check if there is a possibility for the trailing V2X vehicle to cross the traffic
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light at the allowed speed limit. If the trailing vehicle can cross the traffic light at the allowed speed
limit, then the trailing vehicle will accelerate to the allowed speed limit and cross the traffic light.
3. If the trailing vehicle cannot cross the traffic light at the allowed speed limit, then the traffic
controller will check the possibility for the trailing vehicle to cross the traffic light at a slightly
higher adjusted speed limit. If the trailing vehicle can cross the traffic light at the adjusted speed
limit, then the vehicle will ask for coordination from all preceding V2X vehicles to increase their
speed to the adjusted speed limit and facilitate crossing of the trailing V2X vehicle during the
current green phase of traffic light. The assumption in McConky and Rungta's (2019) research is
that the increased emissions from preceding vehicles due to acceleration to the adjusted speed limit
will be less than the emissions from the trailing vehicle if the trailing vehicle decelerated before the
intersection, stopped and then accelerated after the light turned green..
4. If the trailing vehicle cannot cross the intersection even at the adjusted speed limit, then the vehicle
will decelerate as discussed in McConky and Rungta's (2019) algorithm 6. This will lead the vehicle
to a smooth transition to the green signal, causing minimal emissions and wait time.

5.3 System level eco-driving (SLED) strategy
The SLED or System Level Eco-Driving algorithm is aimed at improving the COORD algorithm
implemented by McConky and Rungta (2019) by better utilizing the V2X communication and by enforcing
lane-switching rules on human-driven vehicles. The algorithm flowchart for decision-making during the
green phase in SLED is shown in Figure 4. As mentioned above, the traffic controller receives and accepts
coordination requests from the trailing vehicle only if the trailing vehicle is within a set distance gap from
the preceding vehicle. Coordination requests will be evaluated based on their forecasted system level
emissions impact. If the coordination request will produce more emissions than if the trailing vehicle
stopped at the light, the coordination request will not be granted. Based on the observations in McConky
and Rungta (2019) which showed that increased lane-switching by the stuck non-V2X vehicles also
increased the emissions, the non-V2X vehicles in SLED are not allowed to switch lanes. The emissions
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comparison and calculation feature of SLED will be discussed in the methodology section. The SLED
strategy to make the decision of choosing speed profile during the green signal of traffic light is as follows:
1. A traffic controller will check if there is a possibility for the trailing V2X vehicle to cross the traffic
light at its current speed. If the trailing vehicle can cross the traffic light at the trailing vehicle’s
current speed, then the trailing vehicle will accelerate to the allowed speed limit and cross the traffic
light.
2. If the trailing vehicle cannot cross the traffic light at current speed, then the traffic controller will
check if there is a possibility for the trailing V2X vehicle to cross the traffic light at the allowed
speed limit. If the trailing vehicle can cross the traffic light at the allowed speed limit, then the
trailing vehicle will accelerate to the allowed speed limit and cross the traffic light.
3. If the trailing vehicle cannot cross the traffic light at the allowed speed limit, then the traffic
controller will check the possibility for the trailing vehicle to cross the traffic light at an adjusted
speed limit. If the trailing vehicle can cross the traffic light at the adjusted speed limit, then the
trailing V2X vehicle will check if there is a V2X vehicle between the trailing vehicle and the
intersection. If there are no vehicles between the trailing V2X vehicle and intersection, then the
trailing vehicle will accelerate to the adjusted speed limit and cross the traffic light. If there is V2X
vehicle between the trailing V2X vehicle and the intersection and within the set spacing gap from
the preceding V2X vehicle, then the traffic controller will check if the CO2 emissions of all vehicles
(trailing and preceding) in the same lane would be lower if the trailing vehicle slowed down and
stopped at the traffic light and accelerated again at next green phase versus if the coordination
request was honored. If total CO2 emissions would be higher following the coordination request,
then the trailing V2X vehicle will decelerate in a way such that it leads to a smooth transition
towards the traffic light causing minimal emissions and wait time. If total CO2 emissions of all
vehicles (trailing and preceding) is lower when honoring the coordination request and if the trailing
V2X vehicle is within the set spacing gap from the preceding V2X vehicle, then the traffic
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controller will grant the coordination request and the preceding V2X vehicles will increase their
speed to adjusted speed limit and facilitate crossing of the trailing V2X vehicle during the current
green phase of traffic light.
4. If the trailing vehicle cannot cross the intersection even at the adjusted speed limit, then the vehicle
will decelerate in a way such that the trailing vehicle leads to a smooth transition to green signal
causing minimal emissions and wait time.
The flowchart provided in Figure 5 is a representation of the red phase COORD algorithm proposed by
McConky and Rungta (2019). The COORD strategy (McConky and Rungta, 2019) that calculates speed
profiles during the red phase of traffic light is discussed below:
1. If the trailing vehicle can arrive at the beginning of the next green phase at current speed, then the
trailing vehicle will continue to travel at the current speed.
2. If the trailing vehicle cannot arrive at the beginning of the next green phase at current speed, then
the trailing V2X vehicle will check if the trailing vehicle will go beyond the traffic light at the
current speed. If the above condition is true, then the trailing vehicle decelerates using an optimal
deceleration profile generated by a linear program such that the trailing vehicle leads to a smooth
transition to the next green signal. The deceleration module has been implemented in the
optimization tool named AMPL (Fourer et al., 2003).
3. If the trailing vehicle cannot arrive at the beginning of the next green phase at current speed, and if
it will not go beyond the traffic light at the current speed, then the trailing V2X vehicle will
accelerate to a speed such that it arrives at the intersection at the beginning of the green phase.
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Figure 3: Green-phase COORD algorithm flowchart
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Figure 4: Green-phase SLED algorithm flowchart
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Figure 5: Red-phase SLED algorithm flowchart
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6. Methodology
This section covers topics including emissions forecasting method, experimental setup, measures of
effectiveness, experimental factors and the assumptions made for this research.

6.1 SLED specs
System level Eco-Driving is an algorithm developed to reduce the increased emissions caused due to lane
switching and stop-and-go behavior of human-driven vehicles. This section explains the three rules that
define the SLED algorithm.

6.1.1

Lane changing rule for human-driven vehicles

The research conducted by McConky and Rungta (2019) was implemented with default lane-switching
conditions where the human-driven as well as autonomous vehicles can switch lanes. One of the
observations from the COORD algorithm by McConky and Rungta (2019) is that when a human-driven
vehicle is slowed down by the preceding autonomous vehicle, it accelerates and overtakes the preceding
autonomous vehicle by switching lanes leading to more emissions. Additionally, according to Maass
(2017), an optimization lane-switching strategy can be designed to improve the service life and operating
costs of vehicles, reduce fuel consumption and promote environmental protection. Under the no-laneswitching condition, the human-driven or non-V2X vehicles do not switch lanes while the V2X vehicles
can maneuver in both the lanes since their speed profile is calculated to optimize efficiency. The assumption
here is that all the human drivers are well educated and trained such that they know not passing the
autonomous vehicles will reduce network emissions.

6.1.2

Emissions forecasting method and comparison

In the current section, we will discuss the criteria used by the traffic controller to decide whether to
accelerate or decelerate the trailing V2X vehicles during the current green phase of traffic light.
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For this, we are considering two different cases for when the trailing vehicle slows down and stops at the
traffic light. In the first case as shown in Algorithm 1, emissions are calculated for the scenario where
trailing vehicle stops while preceding vehicles continue at current speed. For the first case, the trailing V2X
vehicle will decelerate and the preceding vehicles will continue at their original speed. In the second case
as shown in Algorithm 2, emissions are calculated for the scenario where a trailing vehicle asks for
coordination from preceding vehicles. For the second case, the traffic controller will grant the coordination
request and the preceding V2X vehicles will increase their speed to the adjusted speed limit and facilitate
crossing of the trailing V2X vehicle during the current green phase of traffic light. The algorithm of the
first scenario to calculate CO2 emissions of the stopping trailing V2X vehicle and default speeding for the
remaining vehicles on the same lane is shown in Algorithm 1. This type of decision-making based on
emissions comparison is executed only if two conditions are met. First condition is that the preceding V2X
vehicle is between the trailing V2X vehicle and the intersection, and second condition is that it is within
the set spacing gap from the preceding V2X vehicle. For the current research, multiple variables are used
for estimating total emissions using algorithms as shown in Algorithms 1 and 2. These variables are – the
idling CO2 emission values (eid), constant speed CO2 emission values at allowed speed limit (ecs), constant
speed CO2 emission values at adjusted speed limit (ecm) and accelerating CO2 emission equations (ea).These
have also been populated in Table 3. The input parameters and variables used in Algorithms 1 and 2 are
populated in Tables 1 and 2.
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Table 1: Algorithm input parameters

Input parameter
V
W
v0v
x0v
a
𝛥𝛥𝛥𝛥
tg
tc
vmax
vsl

Description
Set of preceding vehicles
Coordination requesting vehicle
Speed of vehicle v at time i=0
Distance of vehicle v from traffic light at time i=0
Acceleration rate
Difference between two time-steps
Time to green phase of traffic light
Total cycle time of traffic light
Adjusted speed limit
Allowed speed limit

Table 2: Algorithm variables

Variable
viv
I
xiv
𝑎𝑎
𝑒𝑒𝑡𝑡𝑡𝑡
𝑐𝑐𝑐𝑐
𝑒𝑒𝑡𝑡𝑡𝑡
𝑐𝑐𝑐𝑐
𝑒𝑒𝑡𝑡𝑡𝑡
𝑖𝑖𝑖𝑖
𝑒𝑒𝑡𝑡𝑡𝑡

Description
Speed of vehicle v at time i
Current time
Distance of vehicle v from traffic light at time i
CO2 emissions of vehicle v while accelerating at time t
CO2 emissions of vehicle v at constant speed (adjusted speed limit) at time t
CO2 emissions of vehicle v at constant speed (allowed speed limit) at time t
CO2 emissions while idling

Algorithm 1: Trailing V2X accelerates and stops while preceding V2X follow default speed profile
for v in V 𝑈𝑈 W
t=i
while xtv < d && t < tc:
if t < tg:
if vtv < vsl:
𝑎𝑎
Calculate accelerating emissions 𝑒𝑒𝑡𝑡𝑡𝑡
else:
𝑐𝑐𝑐𝑐
Calculate constant speed emissions 𝑒𝑒𝑡𝑡𝑡𝑡
v(t+Δi)v = vtv + a * Δi
x(t+Δi)v = xtv + 0.5 * a * Δi2
else:
𝑖𝑖𝑖𝑖
Calculate idling emissions 𝑒𝑒𝑡𝑡𝑡𝑡
i+Δi
𝒕𝒕𝒄𝒄
𝑖𝑖𝑖𝑖
𝑎𝑎
𝑐𝑐𝑐𝑐
∑𝒗𝒗∈𝑽𝑽 𝑒𝑒𝑡𝑡𝑡𝑡
return ∑𝒕𝒕=𝒊𝒊
+ 𝑒𝑒𝑡𝑡𝑡𝑡
+ 𝑒𝑒𝑡𝑡𝑡𝑡
Algorithm 1: Algorithm to calculate emissions for scenario where trailing vehicle stops while preceding vehicles continue at
current speed
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Algorithm 2: Trailing V2X asks for coordination from preceding V2X
for v in V 𝑈𝑈 W
t=i
while xtv < d && t < tg:
if t < tg:
if vtv < vmax:
𝑎𝑎
Calculate accelerating emissions 𝑒𝑒𝑡𝑡𝑡𝑡
else:
𝑐𝑐𝑐𝑐
Calculate constant speed emissions 𝑒𝑒𝑡𝑡𝑡𝑡
v(t+Δi)v = vtv + a * Δi
x(t+Δi)v = xtv + 0.5 * a * Δi2
else:
i+Δi
𝒕𝒕𝒈𝒈
𝑎𝑎
𝑐𝑐𝑐𝑐
return ∑𝒕𝒕=𝒊𝒊 ∑𝒗𝒗∈𝑽𝑽 𝑒𝑒𝑡𝑡𝑡𝑡 + 𝑒𝑒𝑡𝑡𝑡𝑡
Algorithm 2: Algorithm to calculate emissions for scenario where trailing vehicle asks for coordination from preceding vehicle

The version 1.3.1 for SUMO does not include a predictive emissions calculation model based on time,
distance and acceleration parameters. Hence, a regression model was created for CO2 emissions calculation
depending on the vehicle type. The regression analysis was executed to predict CO2 emission values per
vehicle type for the following four scenarios:
1. Equation for calculating accelerating CO2 emissions (ea)
2. Estimation of constant speed CO2 emissions at allowed speed limit (ecs)
3. Estimation of idling CO2 emissions (eid)
4. Estimation of constant speed CO2 emissions at adjusted speed limit (ecm)
CO2 emission output was generated by conducting 60 simulation runs on a simulation setup as defined in
section 7.3. This included ten runs each for 600, 900 and 1200 vehicles per hour density level at 10% and
70% V2X penetration rates respectively. The emissions output file generated from simulation conducted in
SUMO contains information including vehicle speed, emissions, position, class, identification number for
every vehicle and for every second. From the emissions output generated by SUMO (Behrisch, Bieker,
Erdmann, and Krajzewicz, 2011) for the above simulation runs, the observations consisting of zero and
negative acceleration values were omitted and a regression analysis was performed on the remaining
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positive acceleration values, to generate the accelerating CO2 emissions' equations for different vehicle
types. The idling CO2 emissions per vehicle type i.e. vehicle speed is zero, were obtained from the emission
output of SUMO for the above simulation runs (Behrisch, Bieker, Erdmann, and Krajzewicz, 2011). In
order to estimate constant speed CO2 emission values at allowed speed limit, a simulation was conducted
for each vehicle type and averaging the output emission values by throughput number of vehicles. The
simulation setup consisted of a road with length 1500 m at 600 vehicles per hour without a traffic signal
and a fixed allowed speed limit of 63 km/h. Similarly, the constant speed CO2 emission values at adjusted
speed limit were obtained by running a simulation per vehicle type on a road without traffic signal, with
fixed adjusted speed limit, and averaging the output emission values by throughput number of vehicles.
In order to check the accuracy of the forecasted emissions using regression method, the regression analysis
was initially trained on 80% of the simulated vehicles and the regression equations obtained from that were
used to compare and report accuracy with the remaining 20% of the test data. The mean absolute percent
error (MAPE) for the above forecasted emissions is 9.41%. From this, we can derive that the regression
analysis is accurate enough for the SLED algorithm to provide emission benefits even if there is some error
in forecasted calculations. Table 3 shows the emission values and equations generated by regression
analysis for different vehicle types used for this research. In Table 3, ‘v’ represents the current speed of the
vehicle and ‘a’ represents the current acceleration rate of the vehicle. Figure 6 shows residual plots for CO2
emissions of passenger vehicle type. The normal probability residual plot shows that the error terms are
normally distributed.
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Table 3: Emission values and equations generated by regression analysis for different vehicle types

Constant speed

Constant speed

Idling CO2

CO2 emissions at

CO2 emissions at

Emissions

allowed speed

adjusted speed

Vehicle

(eid)

Equation for CO2 emissions while the

limit of 63 km/h

limit of 68 km/h

type

(mg/s)

vehicle is accelerating (ea) (mg/s)

(ecs) (mg/s)

(ecm) (mg/s)

2450.83

305.985 *v + 834.15 *a - 8.7277 *v*v

2440.53

2635.72

Passenger
vehicle
V2X
282.404 *v + 1177.06 *a - 7.2504

Passenger
vehicle

2450.83

*v*v

2440.53

2635.72

Truck

1997.78

332.60 *v + 1207.68 *a - 8.1884 *v*v

2194.80

2375.98

Truck

1997.78

285.88 *v + 1137.81 *a - 5.7962 *v*v

2194.80

2375.98

Van

601.69

171.963 *v + 314.41 *a - 2.3097 *v*v

1922.92

2085.56

V2X Van

601.69

174.802 *v + 520.85 *a - 1.6491 *v*v

1922.92

2085.56

LDV

601.69

164.738 *v + 357.35 *a - 1.7938 *v*v

1922.92

2085.56

LDV

601.69

161.172 *v + 519.60 *a - 0.9181 *v*v

1922.92

2085.56

SUV

601.69

168.377 *v + 383.37 *a - 1.7565 *v*v

1922.92

2085.56

SUV

601.69

163.018 *v + 503.37 *a - 1.1107 *v*v

1922.92

2085.56

Trailer

7380.56

1797.72 *v + 3030.6 *a - 50.723 *v*v

16333.74

17319.10

7380.56

1760.70 *v + 3037.7 *a - 48.287 *v*v

16333.74

17319.10

V2X

V2X

V2X

V2X
Trailer
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Figure 6: Fitted regression model residual plots for passenger vehicle

6.1.3

Spacing rule for autonomous vehicles

The spacing rule in the SLED algorithm is meant to limit the number of unnecessary coordination requests.
This was executed by allowing the trailing V2X vehicle to ask the obstructing V2X vehicles for
coordination only if the gap between trailing V2X and preceding V2X vehicle was less than the set spacing
gap. Figure 7 shows that the traffic controller will not accept coordination requests from trailing vehicles
that are not within the set spacing gap; specific to Figure 7, V2X vehicle A cannot request coordination
until it is within the set spacing gap of vehicle B. The default minGap value in SUMO which refers to the
safety gap between vehicles is equal to 2.5 meters. The SLED strategy was tested with six different spacing
gaps and four V2X market penetration rates, five replicates each – so a total of 120 simulation runs. The
summary of average CO2 emissions for different spacing gaps is shown in Table 4. After analyzing the
performance of the SLED algorithm at spacing rule gaps 10, 20, 50, 80, 100 and 300 meters, it was found
that the difference in CO2 emissions by varying the spacing gap was insignificant. Based on the analysis of
emissions, wait time and travel time, a 10-meter spacing rule was implemented for this research. Ten meters
is the closest spacing gap value compliant to the minimum safety gap of 2.5 meters in SUMO.
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Table 3: Average CO2 emissions for different spacing gaps and V2X% using SLED strategy

Average CO2 emissions per vehicle in g for different spacing gaps and V2X % at
900 vehicles per hour
Spacing gap (m)
30% V2X
50% V2X
70% V2X
100% V2X
10
318.76
302.5
292.48
265.83
20
319.05
302.19
289
254.41
50
316.9
302.69
291.1
259.65
80
321.1
303.97
289.86
259.37
100
320.08
303.99
290.2
259.72
200
320.08
303.98
289.32
260.58

Figure 7: Spacing rule for coordination request in SLED algorithm

6.2 Measures of Effectiveness
Measures of effectiveness (MOE) are the performance metrics or the response variables that will be used
for comparison between different vehicle control strategies. Most of the research papers related to
autonomous vehicles are focused exclusively on efficiency of a single entity or systems efficiency for either
safety, energy consumption, emissions or time. This research is aimed at measuring, improving and
comparing the system-level efficiency for the following three response variables:
1. Average CO2 emissions per vehicle: As shown in equation (1), average CO2 emissions per vehicle
is the ratio of total emissions per simulation run and vehicle throughput per simulation run. Vehicle
throughput is the total number of vehicles that complete the simulation run.
Equation (1): Average CO2 emissions per vehicle

𝐸𝐸𝐸𝐸𝐸𝐸𝑎𝑎𝑎𝑎𝑎𝑎 =

∑𝑖𝑖∈𝑉𝑉𝑉𝑉ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝐸𝐸𝑚𝑚𝑚𝑚𝑖𝑖
|𝑉𝑉𝑉𝑉ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|
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2. Average waiting time per vehicle: Wait time is the time a vehicle stops and stays idle, for example
at the traffic light during the red phase. This MOE gives us an idea about the efficiency of the
strategy with respect to time. As shown in equation (2), average wait time per vehicle is the ratio
of total time a vehicle had to wait i.e. vehicle speed less than 3.6 km/h, and the vehicle throughput.
Equation (2): Average waiting time per vehicle

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑎𝑎𝑎𝑎𝑎𝑎 =

∑𝑖𝑖∈𝑉𝑉𝑉𝑉ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑊𝑊𝑊𝑊𝑊𝑊𝑡𝑡𝑖𝑖
|𝑉𝑉𝑉𝑉ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|

3. Average travel time: As shown in equation (3), average travel time is the ratio of total travel time
for a car to travel 1000 meters per simulation run plus time to move through the second traffic light
and vehicle throughput per simulation run. Vehicle throughput is the total number of vehicles that
complete the simulation run.
Equation (3): Average travel time

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 =

∑𝑖𝑖∈𝑉𝑉𝑉𝑉ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑙𝑙𝑖𝑖
|𝑉𝑉𝑉𝑉ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|

4. Number of coordination requests executed: The total number of coordination requests executed by
the trailing V2X vehicles during a simulation run.
5. Average number of vehicles involved in each coordination request: The average number of
coordination facilitating (preceding) vehicles per coordination request.

6.3 Experimental setup
Since V2X vehicle technology is in its early stages, it is not possible to conduct field experiments in a mixed
traffic environment (Wan et al., 2016). Additionally, the experiments take a lot of time especially when
several participants are involved, and it is extremely difficult to obtain government approval for
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experimenting in a real traffic network. Hence, these limitations can be avoided by conducting traffic
simulation experiments in a simulation software. Microscopic traffic simulation allows modeling dynamics
of entities i.e. vehicles, whereas macroscopic simulation is less detailed at the micro level and is useful for
defining parameters like flow, path and density of the network (Hueper et al., n.d.). Microscopic traffic
simulations are good alternatives to implementation of cooperative driving strategies compared to realworld field experiments which are quite investment intensive (Grumert and Tapani, 2012). The simulation
for current research is performed in an open source, highly portable, microscopic and continuous road traffic
simulation package called Eclipse SUMO which contains many set of tools for scenario creation (Behrisch
et al., 2011).SUMO (Behrisch et al., 2011) will be used for executing the SLED algorithms which utilizes
the default car-following model developed by Krauß (1998). SUMO is a tool suite consisting of C++
applications and contains various modules and functions which can be run using python for pre- and postprocessing data. A Traffic Control Interface (TraCI) is used for retrieving values of simulated cars and
manipulating their behavior which is controlled by a python script.
Even though freeways and urban arterial road networks are associated with each other, the traffic flow
dynamics of both are different (Haddad et al., 2013). This paper is aimed at providing a set of algorithms
that can be implemented on an arterial road network containing traffic lights. As shown in Figure 8, the
simulation network consists of a one-and-half kilometer stretch of two-lane one-way street divided into
three equal segments by two traffic lights like the simulation setup in McConky and Rungta (2019).

Figure 8: Experimental setup of road and traffic lights in SUMO for this research
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The traffic light phases at both the node junctions are synchronous and follow the cyclic sequence as shown
in Figure 9. In the current research simulation setup, the vehicles stop during the second yellow phase. The
speed limit used for the entire network is 17.6 m/s or 63 km/h while the adjusted speed limit used for the
SLED algorithm is 19 m/s or 68.4 km/h. The 10% increased adjusted speed limit is used in the SLED
algorithm for reducing network emissions.

Green light
gg
(40 seconds)

Yellow light
yy2

Yellow light
yy1

(5 seconds)

(5 seconds)

Red light rr
(40 seconds)

Figure 9: Traffic signal sequence of phases

The route file used for this study consists of the vehicle distributions including autonomous (controlled)
and human-driven (uncontrolled) vehicles. Since the V2X vehicle penetration rate is one of the factors in
this study, eleven route files were generated for each V2X% level starting from 0% at increments of 10%
where 0% refers to the baseline or default behavior of an uncontrolled network. A vehicle mix of six
different vehicle types has been chosen out of the various choices available in SUMO. The vehicle mixes
as shown in Table 5, used for this research, are indicative of fleet data in the U.S. Department of
Transportation Bureau of Transportation Statistics (2018) and was chosen to match the vehicle types in
McConky and Rungta (2019). As mentioned above, each route file consists of V2X as well as human-driven
vehicles.
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Table 4: Vehicle mix and distribution %

Vehicle type

Distribution (%)

Passenger

56

Light duty vehicle

18

Passenger SUV

12

Passenger van

9

Truck

2

Trailer

3

The Handbook Emission Factors for Road Transport (HBEFA) is a database which provides emission
factors for the vehicle categories in SUMO like PC, LCV, HGV, LDV, etc. and SUMO's current default
model is HBEFA3/PC_G_EU4.
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6.4 Factors
One of the purposes of this research is to analyze the proposed eco-driving strategy for multiple varying
factors and compare the results with other vehicle control strategies. Table 6 shows a list of such factors
and their levels for this paper.
Table 5: Independent variables for present study simulation

Factor

No.

Description

of
levels
Vehicle control strategy

3

Conventional driving (Baseline), Coordination heuristic
(COORD) (McConky and Rungta, 2019), System Level EcoDriving (SLED)

Market penetration rate of V2X 11

0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%,

vehicle technology

100%

Traffic demand level

3

600, 900, 1200 vehicles per hour

The different vehicle control strategies with which our proposed SLED strategy will be compared with are:
Conventional driving (Baseline) and Coordination heuristic (COORD) (McConky and Rungta, 2019).
The V2X vehicle penetration rate is the amount of V2X vehicles (%) during a simulation as shown in Table
6. For example, a V2X level of 10% consists of 10% autonomous vehicles and 90% human-driven vehicles.
Zero percent V2X penetration rate indicates the baseline behavior which means it consists of 100% humandriven vehicles which follow the default SUMO car-following model developed by Krauß (1998). The goal
of this research is to provide a guideline for policy makers to decide at which autonomous market
penetration level, the SLED algorithm will outperform the conventional or baseline behavior.
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The amount of traffic that flows through a traffic intersection is different at various times of the day on an
arterial road and hence the study needs to be conducted for different vehicle densities. The simulation study
is conducted at three distinct levels: 600, 900 and 1200 vehicles per hour.
Ten replicates of simulations were run for every V2X% level and vehicle density for the Base, COORD
and SLED algorithms equivalent to more than 630 hours of traffic simulation.

6.5 Assumptions
To model the SLED and COORD algorithms in SUMO, the following assumptions were made:
1. The roads in the traffic network are assumed to be horizontal (slope = 0) without any elevation
changes.
2. There are no losses or disturbances in Signal Phasing and Timing (SPaT) transmission i.e. 100%
communication efficiency for V2X vehicles, traffic controller and traffic signal.
3. The vehicle mix of vehicles are not indicative of any region but are based on the data published by
U.S. Environmental Protection Agency (2018).
4. All V2X vehicles will abide by the respective SLED or COORD control strategy with 100%
accuracy.
5. The CO2 emission generation rate is assumed to be the same for all vehicles of a given type.
6. All vehicles always maintain a minimum headway gap (default 2.5 meters in SUMO) negating any
chances of an accident.
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7. Model Validation and Verification
Verification of a simulation model is the process of determining that a model implementation accurately
represents the conceptual description and specifications, while validation is the process of determining the
degree to which a simulation model is an accurate representation of the real world from the perspective of
the intended uses of the model. This section highlights verification and validation of accuracy of the system
including emissions, coordination requests and vehicle throughput, which are also the performance
measures for the present simulation study.
With respect to model validation, the emissions calculated by SUMO were validated with real world vehicle
emissions by Lebre et al. (2015) using comparisons with vehicular emissions generated in an urban area.
The remainder of this section focuses on verification efforts.
The vehicle throughput observed at the end of simulation should match the input value given before the
start of simulation. Since the current research consists of a mix of V2X and Non-V2X vehicles, it is
important to verify the consistency of the observed V2X vehicle throughput at the end of simulation. Figure
10 shows a boxplot for a data of 10 replicates for verifying V2X vehicles throughput at 90% market
penetration rate. As shown in the Figure 10, the output is distributed across the range of 86 – 90% and the
mean is at 88.5% which is very close to 90%, hence verifying the accuracy of simulation with respect to
V2X% throughput.
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Figure 10: Boxplot for verifying V2X vehicles throughput at 90% market penetration rate

Similarly, Figure 11 shows a boxplot for verifying total vehicle throughput at all three vehicle densities:
600, 900 and 1200 respectively with 10 replicates each. As shown in Figure 11, the output is distributed
closely to the set vehicle density values. The mean output vehicle density values slightly deflecting from
the input verifies the randomness generated by the SUMO simulator.
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Figure 11: Boxplot for verifying total vehicle throughput at all three vehicle densities

One of the features of SLED is that once the traffic controller receives and accepts the coordination request
from a trailing V2X vehicle, the traffic controller provides the preceding V2X vehicle with speed
adjustments. Logically, the number of such coordination requesting trailing V2X vehicles are bound to
increase with increasing V2X penetration rates since the number of autonomous vehicles increase. This
observation can be seen in Figure 28.
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Figure 12: Boxplot for reducing average CO2 emissions per vehicle with increasing market penetration rate

Based on the conclusions by Grumert et al. (2015), the benefits of C-VSLS increase with the increasing
market penetration rate. This inference can also be used for model verification purposes. As shown in Figure
12, the average CO2 emissions for the SLED algorithm at 900 vehicles per hour is reducing with increasing
V2X penetration rates, thereby conforming with the inference above.
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8. Results
In this section, the results for the measures of effectiveness described earlier namely average CO2 emissions,
average wait time, average travel time, number of coordination requests and number of vehicles per request
will be discussed for the factors mentioned in Table 6.

8.1 Average CO2 emissions
A Tukey test was conducted to find the differences in average CO2 emissions generated by the SLED
algorithm with increasing V2X% level as shown in Tables 7, 8 and 9. A Tukey test is an honest significance
test used to find means that are significantly different from each other; means where the observations do
not share a letter are significantly different. Tables 7, 8 and 9 show the mean CO2 emissions at different
market penetration levels for 600, 900 and 1200 vehicle per hour densities respectively. The Tukey tests as
shown in Tables 7, 8 and 9 verify that the average CO2 emissions are significantly different.
Table 6: Tukey-test results for SLED emissions at 900 vehicles per hour

V2X%

N

Mean

10

10

339.243 A

20

10

329.83

30

10

319.346

40

10

312.509

50

10

303.26

60

10

298.283

70

10

289.73

80

10

284.216

90

10

278.644

100

10

260.267

Grouping

B
C
D
E
F
G
H
I
J
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Table 7: Tukey-test results for SLED emissions at 1200 vehicles per hour

V2X%

N

Mean

10

10

344.93 A

20

10

335.63

30

10

324.85

40

10

320.04

50

10

311.08

60

10

Grouping

B
C
D
E
F

307.72
70

10

299.80

80

10

292.36

90

10

286.73

100

10

263.65

G
H
I
J

Table 8: Tukey-test results for SLED emissions at 600 vehicles per hour

V2X%

N

Mean

10

10

337.35 A

20

10

326.83

30

10

322.00

40

10

313.57

50

10

307.91

60

10

297.49

70

10

291.26

80

10

283.20

90

10

279.89

100

10

259.26

Grouping

B
C
D
E
F
G
H
I
J
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The average CO2 emissions per vehicle at 900 vehicles per hour for all ten V2X penetration rates are shown
in Table 10. The p-value at 95% confidence interval for difference of average CO2 emissions per vehicle
between SLED and baseline are also shown in Table 10. The p-value suggests that the emission values are
significantly different at all the levels although the CO2 emissions for SLED start to be less than the baseline
behavior at 30% V2X level. The same threshold limit for COORD CO2 emissions was 40% V2X level
according to McConky and Rungta (2019). SLED shows improvements of up to 19% over the baseline
behavior as market penetration of V2X vehicles increases.
Table 9: Statistical difference at 95% confidence interval for average CO2 emissions per vehicle between SLED and baseline

Vehicle

SLED Average

Baseline

% Improvement using

density

CO2 emissions

Average CO2

SLED compared to

V2X% (vph)

(g)

emissions (g)

p-value

10

900

339.24

323

0.00000* -5.03%

20

900

329.83

323

0.00015* -2.11%

30

900

319.34

323

0.00027* 1.13%

40

900

312.50

323

0.00000* 3.25%

50

900

303.26

323

0.00000* 6.11%

60

900

298.28

323

0.00000* 7.65%

70

900

289.73

323

0.00000* 10.30%

80

900

284.21

323

0.00000* 12.01%

90

900

278.64

323

0.00000* 13.73%

100

900

260.26

323

0.00000* 19.42%

Baseline
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Table 10: Statistical difference for average CO2 emissions per vehicle between SLED and COORD

Vehicle SLED Average

COORD Average

% Improvement using
SLED

V2X

density

CO2 emissions

CO2 emissions

(%)

(vph)

(g)

(g)

p-value

10

900

339.24

342.93

0.00311* 1.08%

20

900

329.83

336.97

0.00004* 2.12%

30

900

319.34

329.37

0.00000* 3.04%

40

900

312.50

321.35

0.00000* 2.72%

50

900

303.26

314.05

0.00000* 3.44%

60

900

298.28

308.33

0.00000* 3.26%

70

900

289.73

304.88

0.00000* 4.97%

80

900

284.21

298.75

0.00000* 4.87%

90

900

278.64

292.22

0.00000* 4.65%

100

900

260.26

257.70

0.07770

compared

to

COORD

-1.00%

Similarly, the average CO2 emissions per vehicle at 900 vehicles per hour for all ten V2X penetration rates
and the p-value for difference of average CO2 emissions per vehicle between SLED and COORD are shown
in Table 11. SLED shows improvements up to 5% as compared to the COORD algorithm, with increasing
market penetration rate. The results also show that the average CO2 emissions per vehicle for SLED are
significantly different and better than COORD at all levels except the 100% V2X level, where the average
CO2 emissions for SLED are not significantly different from the COORD algorithm. This result at 100%
V2X is thought to be due to the spacing rule in the SLED algorithm which forces the trailing V2X vehicle
to wait until it comes within the vicinity of preceding vehicle; whereas the COORD algorithm allows the
trailing V2X vehicle to freely communicate with all (obstructing) 100% V2X vehicles to accelerate to the
adjusted speed limit and cross the intersection in the current green phase of the traffic light. After observing
the similarity in emissions at 100% V2X penetration, additional experiments were conducted to see if larger
spacing gaps would improve the performance of the SLED algorithm at higher V2X penetrations. Ten
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simulation runs using the SLED strategy with a spacing gap of 20 meters, at 100% V2X penetration rate
and 900 vehicles per hour density were conducted. The analysis showed that the average CO2 emissions
reduced by 4% compared to the SLED strategy with a spacing gap of 10 meters. This finding shows that
increasing the spacing gap for coordination execution, at higher V2X% market penetration rates might give
better network efficiencies.
Figures 13, 14 and 15 show the boxplots for average CO2 emissions comparison between SLED, baseline
and COORD at 600, 900 and 1200 vehicle densities, respectively. Figure 13 shows that at 600 vehicles per
hour, the average CO2 emissions for SLED are lower than the baseline behavior from 50% V2X level
whereas the same threshold limit for COORD is at 60% V2X level. The % improvement results in terms of
average CO2 emissions for SLED compared to COORD ranges from 0% - 5% for all three vehicle densities;
increasing with the increasing V2X levels. Figure 14 shows that at 900 vehicles per hour, the average CO2
emissions for SLED are lower than the baseline behavior from 30% V2X level whereas the same threshold
limit for COORD is at 40% V2X level. Figure 15 shows that at 1200 vehicles per hour, the average CO2
emissions for SLED are lower than the baseline behavior once 20% V2X penetration rate is reached.
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Figure 13: Boxplot for average CO2 emissions comparison between SLED, baseline and COORD at 600 vehicles per hour

Figure 14: Boxplot for average CO2 emissions comparison between SLED, baseline and COORD at 900 vehicles per hour
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Figure 15: Boxplot for average CO2 emissions comparison between SLED, baseline and COORD at 1200 vehicles per hour

Figure 16: Line chart for average CO2 emissions comparison between SLED, baseline and COORD at 600 vehicles per hour
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Figure 17: Line chart for average CO2 emissions comparison between SLED, baseline and COORD at 900 vehicles per hour

Figure 18: Line chart for average CO2 emissions comparison between SLED, baseline and COORD at 1200 vehicles per hour

Figures 16, 17 and 18 are line charts for average CO2 emissions comparison between SLED, baseline and
COORD at all the three vehicle densities.
In the current research, we are assuming that all the human drivers are well trained and will follow the nolane-switching restriction. In order to justify this restriction, an experiment was conducted where the nonV2X vehicles did not follow the lane-changing restriction. Ten replicates of the simulation were performed
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for all ten V2X penetration rate levels at 900 vehicles per hour, where the non-V2X vehicles were allowed
to change lanes. The comparison of average CO2 emissions between SLED with lane changing on for
human-driven vehicles (SLED_L_ON), SLED with lane changing off for human-driven vehicles (SLED),
COORD) and baseline (base), at 900 vehicles-per-hour, is shown in Figure 19. The analysis shows that
average CO2 emissions for SLED with lane changing off for human-driven vehicles (SLED) generates the
least emissions compared to the SLED and COORD algorithm with lane changing on for human-driven
vehicles.

Figure 19: Average Emissions Comparison of SLED with lane changing on for human-driven vehicles with other strategies
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Figure 20: Boxplot for average CO2 emissions comparison between V2X and non-V2X vehicles for SLED

Figure 21: Boxplot for average CO2 emissions comparison between V2X and non-V2X vehicles for COORD

Figures 20 and 21 show the distribution of average CO2 emissions generated by V2X and non-V2X vehicles
for the SLED and COORD algorithms, respectively. The results from Figures 20 and 21 show that the CO2
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emissions generated by non-V2X vehicles in both the algorithms are similar although the emissions
generated by V2X vehicles in SLED are lower than the emissions generated by V2X vehicles using the
COORD algorithm. This finding of V2X emissions being lower than non-V2X emissions can help the
policy makers to lure the citizens to adapt to autonomous driving technology for increased safety, efficiency
and reducing the carbon footprint.

8.2 Average wait time
The reason for measuring average wait time per vehicle is to give us an idea about the efficiency of the
coordination strategy with respect to time. Usually, a human mind’s tendency is such that it lacks patience
and gets agitated if there is a lot of waiting time at the traffic light intersection. The comparison for average
wait time between SLED, COORD and Baseline behavior for 600, 900 and 1200 vehicles per hour are
shown in Figures 22, 23 and 24 respectively. Coordination strategies like COORD and SLED can reduce
this stopping time as shown in Figures 22, 23 and 24. The boxplots show that the average wait time per
vehicle for baseline behavior at 1200 vehicles per hour is 50 seconds whereas it begins at 45 seconds for
10% V2X and the SLED algorithm and keeps on reducing until 100% V2X level. The minimum waiting
time per vehicle is almost 10 seconds at 100% V2X level. The COORD algorithm outperforms the SLED
algorithm by one to six seconds in terms of average wait time as shown in Figure 22. If there is a long queue
during the red phase of traffic light, then the lane-switching restriction forces the trailing non-V2X vehicles
to slow down and stop behind the preceding vehicles, which causes the average wait time to increase in
SLED as compared to the COORD algorithm.
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Figure 22: Boxplot for average wait time comparison between SLED, baseline and COORD at 1200 vehicles per hour

Figure 23: Boxplot for average wait time comparison between SLED, baseline and COORD at 600 vehicles per hour
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Figure 24: Boxplot for average wait time comparison between SLED, baseline and COORD at 900 vehicles per hour

8.3 Average travel time
Figures 25, 26 and 27 show line charts for average travel time comparison between SLED, baseline and
COORD at 600, 900 and 1200 vehicles per hour, respectively. Due to the tendency of human-driven
vehicles to accelerate abruptly until slowed by a preceding vehicle or stopped by the traffic light, the average
speed is also higher. Hence, the baseline algorithm has minimum travel time compared to the SLED and
COORD strategies. Like the average wait time results, COORD has slightly better efficiency in terms of
total travel time for the network compared to the SLED algorithm which experiences increasing wait times.
The increased wait times in the SLED algorithm are a result of increased stopping non-V2X vehicles due
to the lane-switching restriction.
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Figure 25: Line chart for comparison of average trip time between SLED, COORD and Baseline at 600 vehicles per hour

Figure 26: Line chart for comparison of average trip time between SLED, COORD and Baseline at 900 vehicles per hour
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Figure 27: Line chart for comparison of average trip time between SLED, COORD and Baseline at 1200 vehicles per hour

8.4 Number of coordination requests executed
Since the emissions forecasting and comparison rule in the SLED algorithm is meant to limit the number
of unnecessary coordination requests, analysis of the number of coordination requests executed was
conducted. Comparison of number of coordination requests between the SLED and COORD algorithm at
900 vehicles per hour is shown in Figure 28. As shown in Figure 28, the analysis of the number of
coordination requests for ten replicates per V2X% level at 900 vehicle density shows that the coordination
requests are increasing with increasing market penetration rate for both the COORD and SLED algorithms,
hence validating the anticipated performance of the model. Additionally, as expected, the number of
coordination requests executed are lower for SLED as compared to COORD because of the spacing gap
rule and because SLED avoids executing coordination requests where it will produce more emissions than
if the trailing vehicle stopped at the light.
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Figure 28: Clustered chart for comparison of number of coordination requests executed between SLED and COORD

8.5 Average number of vehicles involved in each coordination request
The average number of vehicles involved in each coordination request also reduces in SLED as compared
to the COORD algorithm as shown in Figure 29.

Figure 29: Line chart for comparison of average number of vehicles involved in each coordination request between SLED and
COORD
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9. Conclusions and Future Research Opportunities
Some conclusions we can draw from this research are discussed in this section. The SLED algorithm
developed in this research lowers the market penetration rate needed to observe system level emissions
benefits. When compared to the COORD algorithm, the SLED algorithm saw reduced system level
emissions at 30% penetration rate versus 40% required by the COORD algorithm at 900 vehicles per hour.
When compared to the COORD algorithm, the average CO2 emissions for SLED showed improvements
ranging from 0% to 5% and up to 23% compared to the baseline behavior, with increasing market
penetration rate. When compared to the COORD algorithm, the average number of coordination requests
executed for the SLED algorithm reduced by 20 – 70% with increasing market penetration rate. Thus, we
can conclude that the SLED algorithm performs much better in terms of reduced system level CO2
emissions compared to COORD and baseline behavior. Although SLED improved emissions and reduced
coordination requests over the COORD algorithm, the COORD algorithm retained faster travel times and
shorter wait times. These findings can be helpful for the policy makers to switch the algorithms based on
the requirement i.e. opt for the SLED algorithm if reducing emissions has a higher priority compared to
wait and travel time while opt for the COORD algorithm if reducing wait and travel time has a higher
priority compared to emissions.
The SLED algorithm can be further analyzed and improved with several avenues of future work. In the
current SLED implementation, vehicles travel in only one direction. This aspect can be changed by
executing the SLED strategy for a complex network consisting of traffic intersections where the vehicles
can turn. Additionally, the results can be analyzed by testing the algorithm on a road consisting of more
than two lanes. In this research, only gasoline-based vehicles were considered for the analysis. In the future
work, electric vehicles can also be included in the vehicle mix to make results reflect the changing vehicle
landscape. Current research only analyzed the CO2 emissions although it might be useful to analyze other
types of emissions in the future.
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